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Introduction
Brazil has the world's eighth largest economy (IMF, 2008) . Nevertheless, 21.4% of the country's people live in poverty, and 7.3% in misery (IPEADATA, 2009 ). This contradiction is the result of the country's glaring income inequality (UNDP, 2010) 1 . But, after decades remaining at a very high and stable level, inequality has recently started to decline in Brazil and in several other LatinAmerican countries (Lopez-Calva and Lustig, 2010) . The aim of this paper is to understand the reasons behind the fall of the Brazilian inequality, using a flexible econometric approach and focusing on the role played by education and age.
The focus of this paper is on observable skills because human capital is one of the main determinants of earnings and therefore of earnings inequality.
Moreover, education has improved substantially in recent years in several Latin
American countries. Therefore, it is of interest to investigate whether the decline of inequality is related to this education upgrade in Brazil, a major Latin American country that has always been seen as very unequal.
The relation between education and inequality depends on two factors: the education inequality among workers in the job market (composition effect) and the monetary value the market attributes to each additional year of schooling (price effect), as described by Ram (1990) and Knight and Salbot (1983) . In Brazil, both the education wage differentials and the great educational disparity among workers have been traditionally important to explain wage inequality (Lam and Levinson, 1992) . In this paper we assess what has been happening in recent years with the education inequality in Brazil and thoroughly examine its impact on earnings inequality.
There is mounting evidence in the literature that the behavior of income inequality is better explained by models that allow for wage changes that are different for workers located in different points of the wage distribution. Autor et al. (2005) , for example, argue that the wage differentials in the upper part of the distribution (90th/50th) have increased continuously since the 1970's in the United States, while in the bottom part (50/10) inequality increased in the 1980s, but has remained virtually unchanged since then. Corroborating these results, Lemieux (2006a Lemieux ( , 2006b argues that changes in the returns to measured skills have played a significant role in the growth of inequality since the early 1970's, but that the long-run increase in American income inequality is concentrated in the upper part of the distribution and is basically due to the rising returns to postsecondary education.
In Brazil, it is also very instructive to observe how earnings have changed in the different parts of distribution. While wages at the 10 th percentile grew by about 57%, median wages increased 13% and wages at the 90 th percentile actually fell in real terms.
In light of this scenario, in this article we examine the effects of changes in the "composition" of workers' attributes and their "prices" on income inequality
in Brazil between 1995 and 2009 using a quantile regression approach, which permits evaluating the wage changes at different points of the earnings distribution. This is in contrast with the recent literature that has examined the issue of wage inequality in Latin America. This paper is organized as follows. The next section describes the data and presents some descriptive evidence. Section 3 presents the econometric methodology, while section 4 presents the econometric results. Section 5 concludes.
Data
We use data from the National Household Survey (Pesquisa Nacional por , and our measures of inequality will be the variance of (log) wages, which is perfectly decomposable. documented above. This reflects the fact that the majority of the Brazilian population has far less than college education, so that returns to more basic education levels dominate the behavior of average returns.
The behavior of wage inequality within the education groups is also of substantial interest, as it allows us to infer the evolution of the demand for other has been happening in the USA (Lemieux, 2006a) and in the very bottom. In what follows we attempt to describe this patterns using a flexible decomposition approach.
Econometric Methodology
Our estimation model is based MaCurdy and Mroz (1995) and Goslin, Machin and Meghir (2000) , where log wage is described by polynomials of time trends ( ), age ( ) and cohort ( ) effects and their interactions R( ):
where is a constant and is an error term. The time trends capture the effects of interactions between changes in the demand and supply for the different demographic groups, which may reflect skill biased technological change, trade effects, etc. This term captures shocks on wage distribution that are common within all educational groups, except by age factor, and is the only form to take into account of life cycle differences on wage fluctuations across generations.
The age and cohort effects capture the wage changes related to workers' life cycle (age and experience) and specific generational characteristics (different productive patterns and conditions when entering the job market). The age functions measure wage distribution changes for specific educational group in a given generation, and reflect life cycle wage changes unrelated to labor market experience (one of the most important determinants of worker productivity). The cohort functions measure wage differences between generations related to different educational-specific cohort attributes, in terms of unobserved ability. This factor is important once educational policy or institutional labor market changes affect wage distribution and are difficult to take into account. Given the existence of an exact linear relation between age, time and cohort effects 5 , for identification we apply exclusion restrictions on the coefficients of the cohort terms. Thus, the model now includes functions of age, time trends and interactions between them only:
We estimate this model for 21 log wage quantiles ( ), separately for the four schooling groups
The interpretation of the components of the regression is simple: for a given quantile of the distribution, differences of the coefficients of the functions:
) and ( ) among education groups capture changes in the return to education and experience and the interaction between these two attributes. For a given education group, differences among the coefficients of the functions: ( ) , ( ) and ( ) across quantiles reflect changes in the intra-group wage dispersions. The estimated quantile models give us the conditional distribution of log wages. From this distribution it is possible to recover its unconditional distribution and decompose the log wage variance, considering counterfactual exercises that explain the different effects of education on wage inequality.
Hence, the decomposition of the variance consists of measuring the portions of the wage dispersion attributed to the differences of workers'
productive attributes (between-group inequality) and the differences in unobserved productive characteristics in the same group (within-group inequality):
where is the relative weight of cell in year ; ( ) and ( ) are the mean and variance of the log wages in cell in year ; and ( ) are ( ) are the mean and variance of log wages in the labor market in year . In equation 3, the first term and the second term on the right-side refers to the within-group and between-group dispersion, respectively.
The within-group variance is affected by changes in the labor force composition and wage dispersion within each group of workers with the same level of schooling and age. The inter-group or between-group variance, in turn, is affected by the composition and the price effects of education and age. The composition effect of education evaluates how changes in the educational makeup of the workforce affect wage inequality over time. To estimate this effect, we calculate the variance between groups, holding the wage returns to education and experience and the age composition of the workers steady.
The price effect of education evaluates how changes in the differences in wages paid to workers with different qualification levels affect wage inequality over time. To estimate this effect, we calculate the inter-group component of inequality, keeping the educational and age composition of the workers and the wage returns to experience fixed. To maintain the returns to education and experience fixed, we attribute zero to the trend and interaction terms of the regression, before predicting the log wages. To keep the workforce composition fixed, we maintain the relative weights of the education and age cells fixed at their base-year levels (1995).
Therefore, the estimation procedure is done in two steps. In the first step we estimate the log wage equations and obtain the conditional distributions of log wages. In the second, we recover the unconditional distributions, for each counterfactual exercise (price effect and composition effect). The procedures are described below:
First step -estimation: the models for the quantiles (2') are estimated by means of third-order polynomials in the functions for age, time and interactions:
The error term includes macroeconomic cyclical effects:
̅̅̅ These refer to the macroeconomic changes that occurred in a determined period (such as changes in inflation, joblessness and economic activity) and are orthogonal to the age and trend effects, that is, they do not include any trends.
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The models are estimated by the smoothed least absolute deviations method, which consists of a weighted least-squares estimator applied to the context of quantile regressions, with desirable properties in small samples (Horowitz, 1998) . The coefficients are simply order statistics of each age, year and education cell. The weights are based on the variance of each estimated order statistic ( ̂ ), given by
, where is the number of observations in cell and ( ) is the density of log wages in each cell at the q th quantile, estimated nonparametrically from a Gaussian kernel distribution:
is the logarithm of the wage of each individual in the same cell ; is the fixed window (bandwidth) of half a standard deviation of the log wages in each cell and ( ) is the standard normal density function (Koenker and Portnoy, 1998 ).
This procedure is equivalent to choosing the vector of parameters that minimizes the quadratic form:
where is a set of linear restrictions that transforms the unrestricted model (1) on restricted model (2). 8 In our case, the restriction implies that the age, trend
and ( Given a set of predicted conditional quantiles , it can be estimated to which conditional quantile of cell a given log wage level ( ) would correspond: Tables 2a to 2c present the estimation results of the The differences in magnitude of the age coefficients across percentiles and schooling groups reveal that returns to experience vary a great deal with human capital and ability. Figure 8 shows that wage inequality increases with age for all education groups, but this effect is much stronger for the less educated. This indicates that there are unobserved productivity differences across workers that are revealed on the job and that this heterogeneity is higher among the less educated. Figure 9 illustrates the behavior of wages over the life cycle for the different education groups and over time. It seems that returns to experience are higher for the more educated workers, indicating that returns to specific human capital (on the job training) depend on general human capital. Over time, returns to experience have flattened out for the high school and primary educated workers, remaining stable for the other education groups. Therefore, the decline of the returns to experience for less skilled and semi-skilled may also have contributed to the fall in earnings dispersion, as we shall document below.
Results

Variance Decomposition
Figure 10 Figure 12 plots the behavior of the within-groups component over time. It is clear that its behavior reflected two forces acting in opposite directions. The "pure" within-groups effect has shaped the overall declining trend of inequality over time, but the composition effect (also called "mechanical" by Lemieux, 2006a) contributed to a continuous rise in inequality, since more educated and older groups are more unequal. As a result, within-groups inequality fell less rapidly then it would otherwise.
Variance within-groups
What other factors could explain the behavior of the within-groups inequality? Aside from human capital, our regressions do not allow inferences about other forces that can affect within-group variance. Nevertheless we can speculate on some economic factors that can have affected wage inequality within groups of workers with the same level of schooling in this period. One possible explanation is the increase in the real value of the minimum monthly wage that took place between 1995 and 2009. Figure 13 shows the minimum wage almost doubled in our sample period, at the same time when inequality within groups was falling substantially. Future research that can assess the effects of minimum wage policy on earnings inequality is needed to investigate this possibility in more detail. Changes in the education and age composition of the workforce explain about eight percent of the change in inequality, as the new generations become increasingly more educated. The contribution of the price effect within-groups is in the range of 70%, the highest amongst all different factors. Finally, had all the other forces remained constant, the higher human capital of the workforce would have contributed to an increase in the overall variance of earnings by about 22%, since inequality is higher among the more educated and experienced workers, as seen above (the mechanical effect).
Conclusions
This paper evaluates the factors that have contributed to the decline in earnings inequality in Brazil, for the first time in decades, by means of a flexible decomposition technique and counterfactual exercises. The variance of (log)
earnings declined by about a quarter between 1995 and 2009. We find that, until the end of the 1990s, most of the fall happened within education and age groups, with very little role for our observable measures of skill. But, in the new century, the between-groups component also contributed significantly to the fall in inequality, mostly through the fall in the education wage differentials. Returns to experience have also declined, especially among the less skilled workers.
We find that the education composition of the workforce also contributed to the fall in inequality between groups, but increased the within-groups dispersion. Overall, the results indicate the powerful impact that education can have to reduce earnings inequality.
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